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Abstract—The acquisition of conventional X-ray radio-
graphs remains the standard imaging procedure for the
diagnosis of hip-related problems. However, recent studies
demonstrated the beneﬁt of using three-dimensional (3D)
surface models in the clinical routine. 3D surface models of
the hip joint are useful for assessing the dynamic range of
motion in order to identify possible pathologies such as
femoroacetabular impingement. In this paper, we present an
integrated system which consists of X-ray radiograph cali-
bration and subsequent 2D/3D hip joint reconstruction for
diagnosis and planning of hip-related problems. A mobile
phantom with two different sizes of ﬁducials was developed
for X-ray radiograph calibration, which can be robustly
detected within the images. On the basis of the calibrated
X-ray images, a 3D reconstruction method of the acetabulum
was developed and applied together with existing techniques
to reconstruct a 3D surface model of the hip joint. X-ray
radiographs of dry cadaveric hip bones and one cadaveric
specimen with soft tissue were used to prove the robustness
of the developed ﬁducial detection algorithm. Computed
tomography scans of the cadaveric bones were used to
validate the accuracy of the integrated system. The ﬁducial
detection sensitivity was in the same range for both sizes of
ﬁducials. While the detection sensitivity was 97.96% for the
large ﬁducials, it was 97.62% for the small ﬁducials. The
acetabulum and the proximal femur were reconstructed with
a mean surface distance error of 1.06 and 1.01 mm, respec-
tively. The results for ﬁducial detection sensitivity and 3D
surface reconstruction demonstrated the capability of the
integrated system for 3D hip joint reconstruction from 2D
calibrated X-ray radiographs.
Keywords—X-ray image, Calibration, Statistical shapemodel,
3D surface model, Proximal femur, Pelvis.
INTRODUCTION
Despite the latest technological advancements,
conventional X-ray image acquisition remains the
standard imaging procedure for orthopedic interven-
tions. Although planar X-ray radiographs provide
only two-dimensional (2D) information and are
therefore diﬃcult to interpret correctly, it is commonly
available, reasonably inexpensive and exposes the
patient to only low radiation. For the diagnosis of
femoroacetabular impingement (FAI), an anterior–
posterior (AP) and an oblique X-ray image are con-
ventionally acquired preoperatively.5,20 Recently, sev-
eral studies have shown the great advantage of using
three-dimensional (3D) surface models to diagnose
orthopedic impairments such as tibial plateau frac-
tures,22 scoliotic spine deformities,12 or FAI.19 In order
to analyze potential bony conﬂicts between acetabular
structures of the pelvis and the proximal femur, the hip
joint range of motion (ROM) could be dynamically
assessed by observation of the relative motion of pelvic
and femoral surface models.9,18
3D surface models are normally generated by seg-
mentation of 3D datasets from imaging modalities
such as computed tomography (CT) or magnetic res-
onance imaging (MRI). While CT-scans are only
acquired in rare cases of severe pelvic deformations,4
the segmentation of bones from MRI data poses a
challenge to the surgeon. Since X-ray radiographs are
routinely acquired for diagnosis and planning of FAI,
a 2D/3D hip joint reconstruction would be desirable.
3D reconstructions with focus on the acetabular
regions have not been reported so far. Existing work
mainly focused on the reconstruction of the global
pelvic shape.10,14,23,24 Lamecker et al.10 proposed to
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register a thickness image of a pelvis statistical shape
model (SSM) to silhouettes, previously extracted from
the X-ray image. Validation was performed on 23
digitally reconstructed radiographs (DRRs) datasets.
Sadowsky et al.14 proposed a method, which abandons
the extraction of pelvic contours. They registered a
joint statistical shape and intensity atlas to simulated
ﬂuoroscopic images based on normalized mutual
information. Solely a single X-ray radiograph was used
to reconstruct the 3D shape of the pelvis by Zheng.24
The resulting scaled surface model is used to measure
the post-operative cup orientation in terms of ante-
version and inclination angle. Yao and Taylor23
developed a deformable 2D/3D registration method
between DRRs and a hemi-pelvis SSM, constructed
from eight training instances. The method was tested
with images, synthetically generated from CT scans.
In previous work we have successfully demonstrated
the 3D surface reconstruction of the proximal femur
from two X-ray radiographs.17,25 The X-ray images
were calibrated using a bulky biplanar calibration
device, which however was impractical for the clinical
routine. Therefore, the ﬁrst goal of the present study is
to develop and validate a new smaller sized calibration
phantom, which can be seamlessly integrated into the
X-ray imaging process. It contains only few ﬁducials
and can be easily placed next to the anatomy of
interest. Moreover, we extended the 2D/3D recon-
struction approach to the acetabular region. As special
attention has to be paid to correctly reconstruct the
correct fossa depth and rim curvatures of the acetab-
ulum, the second goal of the present study is to develop
and validate a new method using the patch statistical
shape model (patch-SSM) concept to reconstruct the
3D shape of the acetabulum from biplanar radio-
graphs. Finally, based on these two new developments
and the 2D/3D reconstruction of the proximal femur
that we have done before, the third goal of the present
study is to develop and validate an integrated system
for reconstructing 3D hip joints from 2D X-ray
images. This paper extends our previous work pre-
sented at the International Conference on Information
Processing in Computer Assisted Interventions16 by
proposing a more robust and fully automatic calibra-
tion phantom detection pipeline and by integrating the
2D/3D reconstruction of the proximal femur as part of
the whole system. In order to validate the developed
system, X-ray radiographs of dry cadaveric bones and
a cadaveric specimen with soft tissue were accordingly
acquired and calibrated. We measured the ﬁducial
detection sensitivity and analyzed the reconstruction
accuracy by comparison with ground truth 3D models
derived from CT-scans. The trial on the cadaveric
specimen with soft tissue was conducted in order to
prove the feasibility for future clinical usage.
MATERIALS AND METHODS
X-ray Calibration Phantom
Although conventional X-ray imaging is routinely
used in clinics, scaling information is normally not
available. In order to facilitate quantitative measure-
ments and to determine the spatial relationship
between a number of radiographs, image calibration is
required. This step is normally performed by inte-
grating a calibration object of known geometry into
the imaging process. By establishing correspondences
between points Xi in 3D space and their associated 2D
projections xi, the intrinsic and extrinsic calibration
parameters can be computed for instance using direct
linear transformation (DLT).1 Thereby, the X-ray
image acquisition can be modeled as a ﬁnite projective
camera7:
P ¼ KR Ij  ~C  ð1Þ
where P is the camera projection matrix, K is the
intrinsic calibration matrix, and I is the identity matrix.
R and ~C describe the extrinsic calibration parameters
in terms of camera orientation and position, respec-
tively. The main task of a calibration procedure is to
compute the camera projection matrix P. This can be
achieved by DLT, which has the advantage that only
linear equations need to be solved for the camera
projection matrix. Given a number of point corre-
spondences between 3D points Xi ¼ Xi YiZi 1½ T
and 2D points xi ¼ ui vi 1½ T, P needs to be deter-
mined, such that
xi ¼ P  Xi ð2Þ
For the purpose of X-ray radiograph calibration, a
special calibration object was developed. This mobile
calibration phantom (see Fig. 1) is made out of
radiolucent plastic material containing radiopaque
steel ﬁducials. In total 16 spherical ﬁducials of two
different sizes are embedded. Seven large ﬁducials are
distributed in one plane and arranged in three unique




i ; i ¼ 1; 2; 3 (see Fig. 1,
right). Moreover, nine small ﬁducials are distributed
over another two planes. For a successful calibration,
at least one of the three unique line patterns of large
ﬁducials with different ratios ri ¼ jM1i M2i j=jM2i M3i j
needs to be identiﬁed based on the 2D projection of the
phantom.
X-ray Phantom Detection
In order to establish the required correspondences
for calibration, the 2D ﬁducial positions need to be
detected in the X-ray images and assigned to the cor-
responding 3D coordinates. The ﬁducial detection is
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thereby constrained to a region-of-interest (ROI),
which is interactively determined by picking four
points within the image. The extracted ROI is depicted
in Fig. 2a. In order to identify possible ﬁducial can-
didates, we apply a sequence of image processing steps.
In the ﬁrst place we enhance the contrast of the image
using contrast limited adaptive histogram equalization
(CLAHE). The CLAHE algorithm has been developed
by Pizer et al.13 and is based on the adaptive histogram
equalization (AHE). AHE improves the image contrast
by performing histogram equalization mapping for
each pixel, taking the surrounding pixels into account.
Since also noise is enhanced, CLAHE algorithm
applies limited contrast enhancement by restricting the
slope of the mapping function. Thereby, the local
contrast of the image is improved, whereas the noise in
homogeneous regions is only slightly ampliﬁed. We
apply the CLAHE algorithm to the ROI based on the
implementation of Heckbert.8 An exemplary output of
CLAHE algorithm is depicted in Fig. 2b. Due to the
high density of the steel ﬁducials, they appear as bright
spots within the image and can be further highlighted
by mapping the image to larger grayscales (see
Fig. 2c). Circular Hough transformation (CHT)6 is
then applied to the output of the intensity mapping in
order to determine circular shapes. As the X-ray image
acquisition is normally a standardized procedure, an
interval of potential circle radii can be estimated based
on the pixel spacing, the actual ﬁducial diameter, and
the ﬁlm-focus distance.
The ﬁducial candidates of the initial detection stage
are further processed in order to ﬁlter out possible
outliers and to establish correspondences with the 3D
coordinates using a simulation-based approach. As
already indicated, the detection of three collinear large
ﬁducials is needed for a successful phantom detection.
Therefore all large ﬁducial candidates of the initial
detection stage are further examined with respect to
collinearity. Subsequently, the ratio of the distances
between three collinear candidates is further compared
with the technical speciﬁcations. If a match with a cer-
tain precision could not be found, the phantom detec-
tion process is regarded as failed. However, if a triple of
collinear large ﬁducials matches the speciﬁcation, image
normalization is performed. Based on the identiﬁed
three large ﬁducials, a local coordinate-system (COS) is
established and the set of ﬁducial candidates (including
possible outliers) is normalized with respect to this
COS. Due to this normalization step, the original seven
degrees of freedom (three for rotation, three for trans-
lation, and one for scaling in viewing direction of the
X-ray camera) are reduced to two degrees. The scaling,
translation, and one rotational component (here: Rz)
around the viewing axis (here: z-axis) are canceled out
by the normalization step.15
In order to identify valid ﬁducial candidates, the
normalized detections were matched with a look-up
table (LUT), containing simulated ﬁducial projections
in normalized space. For this purpose, an X-ray image
of the calibration phantom in neutral position has been
acquired. After establishing correspondences between
2D projections xrefi and 3D ﬁducial coordinates X
ref
i ,
the projection matrix Pref and the extrinsic parameters
Rref and Cref were computed. Based on the assumption
that the intrinsic calibration matrix Kref remains con-
stant between two images, any other X-ray projection
can be modeled as follows:
xi ¼ Kref  Rref  RxRyRz  Xi  ~C
   ~Cref  ð3Þ
where Rx, Ry, Rz represent the rotation matrix around
a particular axis (z-axis in imaging direction) and ~C the
translation between the actual and the reference posi-
tion. For each LUT entry the 3D ﬁducial coordinates
Xrefi were projected onto the image using the intrinsic
calibration matrix Kref and various combinations of
the extrinsic rotational components (Rx and Ry).
FIGURE 1. Side and top view of the mobile calibration phantom.
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The optimal LUT item is identiﬁed by computing the
probability between each LUT item and the set of
normalized detected ﬁducial candidates. Therefore, one
distance map is generated for each ﬁducial type based
on the coordinates of the detected ﬁducial candidates.
The probability of each LUT item is then computed
based on the Euclidean distance between the simulated
projections of this particular LUT item and the two
distance maps. The projection coordinates of the LUT
item with highest probability are then re-normalized
and projected onto the X-ray image. Normalized cross-
correlation11 is further applied to identify the precise
ﬁducial positions (see Fig. 2d). Thereby, the search
space is constrained to the neighborhood of the LUT
estimated ﬁducial positions. As correspondences
between 2D and 3D ﬁducial positions are inherently
established via the LUT, DLT could be applied to
determine the ﬁnal camera projection matrix P.
3D Hip Joint Reconstruction
In our previous work we proposed a method for 3D
reconstruction of the proximal femur from two cali-
brated X-ray radiographs.25 A SSM of the proximal
femur was constructed and registered to the X-ray
space using semi-automatically extracted contour
information of the proximal femur. This step was fol-
lowed by a statistical instantiation and non-rigid
deformation of the SSM to reconstruct the patient-
speciﬁc shape of the proximal femur. For details of the
3-stage approach we refer to our previous work.25
However, the same approach could not be directly
applied to the pelvis. As we are mainly interested in the
local acetabular region, a global registration approach
of a pelvis SSM might not reveal the precise fossa
depth and rim curvatures. Therefore, we recently
developed a hierarchical strategy (see Fig. 3) to
FIGURE 2. Different stages of calibration phantom detection: (a) extracted region of interest; (b) contrast enhanced image using
CLAHE algorithm; (c) output of intensity mapping; (d) final detected phantom fiducials.
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precisely reconstruct the shape of the acetabulum.16
The basic concept relies on the registration of two
different SSMs. The ﬁrst SSM is constructed from CT-
segmented surface models of the hemi-pelvis (both
patient sides). Correspondence between the surface
models is established using diffeomorphic demons
algorithm21 and the statistical variability is explored
using principal component analysis (PCA). The second
SSM is constructed on the basis of the hemi-pelvis
SSM. The mean hemi-pelvis model is used to interac-
tively deﬁne the acetabulum region. As correspondence
between the hemi-pelvis surface models is known, an
acetabular surface patch could be extracted from each
hemi-pelvis instance. The acetabular patch instances
are further aligned to the one extracted from the mean
hemi-pelvis model in order to capture the local shape
variations of the acetabulum. Subsequently, PCA is
applied, resulting in an acetabular patch-SSM.16
In order to register the SSMs to the X-ray space, the
following contours need to be semi-automatically
extracted from the X-ray images (see Fig. 4b) using
live-wire technique3:
 Contour of hemi-pelvis
 Anterior contour of acetabular rim
 Posterior contour of acetabular rim
 Contour of acetabular fossa.
Beyond the contour extraction, three pelvic land-
marks [anterior superior iliac spine (ASIS), pubis
symphysis and posterior inferior iliac spine (PSIS)]
have to be deﬁned on both X-ray images (see Fig. 3,
step a). The remaining steps of the hierarchical regis-
tration are performed automatically. After extracting
the features the hemi-pelvis SSM is registered to the
X-ray scene based on the landmark information using
paired-point matching (see Fig. 3, step b). The corre-
sponding three landmarks were predeﬁned during the
modeling process. In the next step, the 3-stage algo-
rithm is accomplished,25 consisting of afﬁne registra-
tion, instantiation, and non-rigid deformation to
achieve an optimal match of the hemi-pelvis SSM with
the X-ray scene (see Fig. 3, step c). As the alignment of
the hemi-pelvis to the X-ray scene is solely based on
the outer contours, the ﬁtting around the acetabular
region needs to be further improved. Thus, the hemi-
pelvis model is replaced by the acetabular patch-SSM
using the previously established correspondence (see
Fig. 3, step d). The subsequent registration of the
patch-SSM is performed in another three steps. A
scaled, rigid registration is computed (see Fig. 3, step
e) by matching the 3D apparent contours (silhouettes)
of the patch-SSM to the anterior and posterior X-ray
contours. It was found that the estimation of the ace-
tabular scale is of major importance for a precise 3D
shape reconstruction. In order to derive the scale, the
ﬁrst principal axis is computed for the anterior and
posterior acetabular contour sets of the AP- and
oblique X-ray image and the patch-SSM. Afterward
the contour points are projected onto the respective
principal axis and the maximum distance daxis among
the projected points is computed for all three sets. The
average distance for both X-ray images dAP;axialaxis is
further converted to mm unit by multiplication with
the pixel scaling factor (determined by the calibration
process). The acetabular scale is then determined out
of the ratio between the average image distance dAP;axialaxis
and the patch-SSM distance dpatchaxis .
This step is followed by an aﬃne registration by
involving the acetabular fossa (see Fig. 3, step f). As
the fossa of the acetabular patch-SSM does not have a
unique silhouette, correspondences to the X-ray image
contours need to be determined iteratively. For each
iteration all the image contour points are backpro-
jected, resulting in 3D rays. For each 3D ray, the
closest vertex of the mean patch model is determined
and taken as corresponding point. Together with the
acetabular rim point pairs, an afﬁne transformation is
computed and applied to the acetabular patch-SSM
until convergence. The 3D reconstruction of the ace-
tabulum is then completed by statistical instantiation
(Figs. 3, step g and 4c), resulting in a patient-speciﬁc
3D model of the acetabulum.
Experimental Design
In order to evaluate the robustness and accuracy of
the ﬁducial detection and calibration, we carried out
two experiments based on biplanar X-ray radiographs.
Six pairs of X-ray images (AP and oblique view) of dry
cadaveric bones (one pelvis and one femur bone at a
time) and one pair of X-ray images of a cadaveric
specimen with soft tissue (cut above the pelvis and at
half length of femur) were acquired. In order to com-
pensate for potential motion of the dry cadaveric
bones during X-ray image acquisition, both bones and
the phantom were equipped with passive reference
bases and tracked by an infrared camera system (NDI
Polaris, Ontario, Canada). In case of the cadaveric
specimen with soft tissue, the calibration phantom was
attached to the pubis symphysis region using a con-
ventional belt. The calibration phantom in this case
acts as a tracking device to get the relative position
between two images. No external tracking is used for
the case of the cadaveric specimen with soft tissue.
In the ﬁrst experiment we measured the sensitivity of
the ﬁducial detection at two diﬀerent stages. The
robustness of the ﬁducial detection was analyzed by
computing the sensitivity rate. Thereby, the number of
determined ﬁducials was recorded, which were
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correctly identiﬁed. This was done for the initial image-
based detection (input to simulation-based detection)
and for the ﬁnal LUT-based detection. In total seven
biplanar X-ray image datasets (AP and oblique view)
of six diﬀerent pelvic and femoral dry cadaver bones
and one cadaveric specimen with soft tissue were
available. For each dataset the number of correctly
identiﬁed ﬁducials was compared to the total number
of visible ﬁducials, whereas we distinguished between
the particular ﬁducial sizes.
FIGURE 3. Flow chart illustrating the acetabulum reconstruction procedure. See text for details of each step.
FIGURE 4. Stages of 2D/3D hip joint reconstruction: (a) X-ray radiograph with interactively defined bounding box; (b) defined
pelvic and acetabular contours (yellow: contour of hemi-pelvis, blue: contour of proximal femur, green: anterior contour of
acetabular rim, red: posterior contour of acetabular rim, cyan: contour of acetabular fossa); (c) 3D reconstructed models of the
acetabulum and proximal femur.
SCHUMANN et al.2082
In the second experiment, we calibrated the X-ray
radiographs and applied both 2D/3D reconstruction
methods, resulting in 3D surface models of the pelvis
and proximal femur. For validation, CT-scans of the
corresponding hip bones were acquired, segmented,
and further served as ground truth. The CT-scan
acquisition of the dry bones was performed using
Emotion 6 scanner from Siemens (Erlangen,
Germany). Always two femur bones were scanned
simultaneously (pixel dimensions: 512 9 512 9 800;
voxel size: 0.53 mm 9 0.53 mm 9 0.6 mm; slice
thickness: 1.25 mm; current: 100 mA, generator pow-
er: 17 kW), while the pelvic bones were scanned indi-
vidually (pixel dimensions: 512 9 512 9 370; voxel
size: 0.59 mm 9 0.59 mm 9 0.6 mm; slice thickness:
1.25 mm; current: 65 mA, generator power: 8 kW) and
the segmentation was semi-automatically performed
using Amira software (VSG, FEI Company, Hillsboro,
United States of America). For the CT-scan acquisi-
tion of the cadaveric specimen with soft tissue a Sie-
mens Somatom Deﬁnition Flash device was used (pixel
dimensions: 512 9 512 9 441; voxel size: 0.95 mm 9
0.95 mm 9 1.0 mm; slice thickness: 1.0 mm; current:
42 mA; generator power: 20 kW). While the ground
truth proximal femur surfaces could be aligned with
the reconstructed models using surface based regis-
tration, the ground truth hemi-pelvis surface models
had to be further processed: Firstly, the ground truth
hemi-pelvis surfaces were non-rigidly registered to the
mean hemi-pelvis model using diﬀeomorphic demons
algorithm21 in order to establish correspondence to the
SSM space. Secondly, an acetabulum patch was
extracted from the registered hemi-pelvis model and
rigidly registered to the reconstructed 3D acetabular
model on the basis of direct correspondences.
RESULTS
The numbers of correctly detected ﬁducials were
identiﬁed for the initial and LUT-based detection
stages and compared to the total number of projected
ﬁducials (see Table 1). The detection results of the
datasets marked with an asterisk produced outliers. In
dataset ‘005’ one screw head was mistakenly detected,
whereas in datasets ‘002’, the initial image-based
detection identiﬁed three screw heads as ﬁducials.
However, for each case, the wrong detections were
eliminated by the subsequent simulation-based step.
The overall sensitivity for the initial image-based
detection is 95.92% for the large ﬁducials and 88.09%
for the small ﬁducials. The sensitivity is improved by
the ﬁnal simulation-based detections to 97.96% for the
large ﬁducials and 97.62% for the small ﬁducials. On
average, the initial detection took 1.41 s (1.03–2.13 s),
the LUT-based detection 1.01 s (0.99–1.03 s) on a
conventional computer (Quad-Core, 3.10 GHz). The
dimensions of the image bounding box region were
904 9 865 pixels on average. The SSMs of the proxi-
mal femur and pelvis were each constructed from a
population of 30 instances, collected from pre-opera-
tive CT-scans.
The surface reconstruction accuracy was analyzed
using MESH-tool,2 which compares triangular surface
meshes based on the Hausdorff distance. Besides the
mean and root mean squared (RMS) distance error,
the 5, 25, 50, 75, and 95% percentile errors were
computed and plotted as a box plot (see Fig. 5). On
average, the acetabulum could be reconstructed with a
mean surface distance error of 1.06 ± 0.14 mm, while
the error for proximal femur reconstructions was
1.01 ± 0.16 mm. Regions of biggest error occurred
either in the fossa region (see Fig. 6, left), or at the
cutting edge of the patch (see Fig. 6, right). The com-
putation time of the 3D reconstruction of the acetab-
ulum was 27.79 s on average (22.4–33.18 s). The hip
joint of the cadaveric specimen with soft tissue con-
tributed to this result with a mean error of 1.06 mm for
the acetabulum reconstruction and a mean error of
0.88 mm for the reconstruction of the proximal femur
(see Fig. 7).
The maximum mean error among the seven datasets
was 1.25 mm for the acetabulum surface and 1.28 mm
for the surface of the proximal femur. Beyond the
surface reconstruction error of the acetabulum we
explicitly investigated the accuracy of the acetabular
rim. Therefore, vertices along the rim were interac-
tively chosen on the basis of the mean acetabulum
patch and transferred to the ground truth and recon-
structed acetabular surface models (see Fig. 8). By
direct comparison of the contour points, an average
Euclidean distance error of 1.40 ± 0.27 mm was
found.
DISCUSSION AND CONCLUSIONS
3D bone reconstructions from conventional bipla-
nar X-ray images would be an enormous beneﬁt for
clinical diagnosis and planning. In order to extract
quantitative information from X-ray radiographs, a
calibration step is inevitable. However, the integration
of a calibration object into the imaging process and the
subsequent image-based detection is a complex task.
Therefore, we proposed an integrated system to
perform X-ray radiograph calibration and 2D/3D hip
joint reconstruction. We developed a mobile calibra-
tion phantom, which could be placed next to the
anatomy of interest and which did not interfere with
the image acquisition. The phantom has sparsely
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distributed small ﬁducials embedded, which are pro-
jected onto the X-ray image. In order to extract the
projected ﬁducials in a robust manner, we propose a
detection pipeline based on image pre-processing and
LUT-based matching. While in the ﬁrst stage, potential
ﬁducial detections are extracted, outliers are identiﬁed
and correspondences with the 3D ﬁducials positions
are established in the second stage. Due to the reduced
TABLE 1. Comparison of initial and final fiducial detection stages.
Dataset
Initial detection LUT detection
Large fiducials Small fiducials Large fiducials Small fiducials
001 14/14 16/18 14/14 17/18
002* 14/14 13/18 14/14 18/18
003 12/14 16/18 13/14 17/18
004 12/14 15/18 13/14 18/18
005* 14/14 17/18 14/14 18/18
006 14/14 16/18 14/14 17/18
007 14/14 18/18 14/14 18/18
Datasets 001–006 were acquired from dry cadaveric bones, dataset 007 was acquired from a cadaveric specimen. Datasets marked with an
asterisk produced outliers. In both datasets, screws were mistakenly detected as fiducials in the initial detection step, but eliminated by the
LUT step.
FIGURE 5. Box plot indicating the error distribution of the seven reconstructed hip joint surface models (six dry cadaveric hip
bones plus one cadaveric specimen with soft tissue).
FIGURE 6. Visualization of reconstruction error as superimposed on the reconstructed acetabular surface models.
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dimensionality and the small number of ﬁducials, the
whole detection process takes 1–2 s on a conventional
computer. The evaluation of seven pairs of X-ray
images demonstrated very robust detection results with
a sensitivity higher than 95%.
The calibrated X-ray images were further used to
reconstruct 3D models of the hip joint. In order to
achieve a precise reconstruction of the acetabulum, we
proposed a hierarchical registration strategy. The non-
rigid registration of the hemi-pelvis SSM to the
extracted contours of the X-ray images is used to guide
the registration of the localized acetabular patch-SSM.
The available X-ray contours of the acetabulum
together with the calibration information are then used
to optimally reconstruct the shape of the acetabulum.
The major shortcoming of the proposed approach is
the required user interaction to extract the contours
from the X-ray images. However, as a semi-automatic
contour extraction method is used, the actual burden is
reasonably low.
To validate the hip joint reconstruction, X-ray
radiographs of cadaveric bones and a cadaveric spec-
imen with soft tissue were analyzed. In order to com-
pensate for potential motions of the separate dry
bones, the phantom and the bones (femur and pelvis)
were tracked with an infrared camera system. How-
ever, this is not the scenario that we envision in a
clinical application. Thus, in order to demonstrate the
feasibility for future clinical usage of our approach, we
designed and conducted a trial on a cadaveric specimen
with soft tissue, where we could rigidly attach the
calibration phantom to the cadaveric specimen with a
conventional belt. No external tracking was used. The
results from this trial showed that our approach, when
tested on the cadaveric specimen with soft tissue, could
achieve an equivalent accuracy to the dry bone studies.
FIGURE 7. Superimposition of the reconstructed models on the AP X-ray image of the cadaveric specimen with soft tissue. The
left image shows the superimposed reconstructed acetabulum and the right image shows the reconstructed proximal femur (white)
together with the registered ground truth model (red).
FIGURE 8. Comparison of acetabular rim reconstructions: the rim of the reconstructed model (gray model, green rim contour
points) is compared with the ground truth model (white model, red rim contour points).
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Since CT scans of two diﬀerent resolutions were used
to establish the ground truth in our validation study,
the fact that the errors measured with the coarser-
resolution ground truth data (cadaveric specimen with
soft tissue) are within the limits of those measured with
the ﬁner-resolution ground truth data (dry bones)
speaks in favor of the present system.
While accurate, the present approach has limita-
tions. Although we have demonstrated that we could
rigidly attach the calibration phantom to the cadaveric
specimen with soft tissue using a conventional belt and
then use the phantom as a tracking device, it may pose
a challenge when we try to rigidly ﬁx the calibration
phantom to a patient in a future clinical trial. We are
currently revising the design of the phantom by taking
the shape of a target anatomy into consideration such
that this newly designed calibration phantom can be
adapted to the shape of the target anatomy. The sec-
ond limitation is due to the semi-automatic contour
extraction. Our experimental results showed that the
live-wire based semi-automatic contour extraction
worked well for dry bones as well as for cadaveric
specimen with soft tissue but required limited user
interactions. In order to eliminate completely any
manual intervention, we are currently working on a
fully automatic contour extraction algorithm. The last
limitation is about our validation study. The validation
of the present approach, though successful, was only
conducted on datasets of six dry bones and one
cadaveric specimen with soft tissue. Thus, the results
reported in this article are regarded still preliminary
and more thorough validation study is needed before it
can be transferred to clinical routine usage. Nonethe-
less, the experimental results from the present study
demonstrated the accuracy and the robustness of the
present approach.
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